This paper presents a forward looking model for selection of hedge fund investment strategies.
Introduction
Markowitz's (1952) mean-variance portfolio selection model assumes that asset returns are normally distributed and uses its historical parameters (mean and standard deviation) as key inputs to portfolio selection. Despite its theoretical importance, the mean-variance portfolio selection model doesn't provide any forward looking framework for asset allocation. Two major limitations are worth mentioning here: firstly, the use of historical standard deviation as measure of risk is inappropriate (Sharpe, 1964; Sortino and van der Meer, 1991) . Secondly, the idea that asset returns can be modelled by a normal distribution is somewhat dubious, especially for hedge funds due to the structure of investment strategies they employ to exploit market inefficiencies (Gehin, 2006) . There is a growing need from finance practitioners for portfolio selection models that have a forward-looking approach following the sub-prime financial crisis. Portfolio managers want to allocate their fund different investments by taking into account not only the history (historical mean and variance) as in the original Markowitz (1952) but also incorporating the future (future expected parameters) in their investment decision making. This paper is a response to the growing need in the hedge fund industry for an allocation model that has a forward looking approach. The presence of such a forward looking allocation model is crucial in that it can help fund managers to invest their funds only in investments that will perform very well in the future by providing the highest rate of return at the lowest cost. This paper presents a Bayesian forward looking framework for the investment strategies allocation problem under skew t distribution. We first build a predictive expected return distribution based on the posterior distribution with a skew t distribution and use its predictive parameters (i.e. predictive mean, predictive standard deviation and predictive skewness) as key inputs to the portfolio selection model. By using the predictive parameters we account for estimation risk, which arises as a result of the use of historical parameters. As Scott and Horvath (1980) pointed out, the inclusion of skewness in the selection model is also important: under non-normality assumption investors will exhibit a preference for positively skewed portfolios. We allow for different levels of attitude toward risk and skewness. In practice, most hedge fund managers are unregulated; they use unlimited leverage and short selling depending on their appetite for risk and/or skewness. The multiobjective utility function formulated in this paper is consistent with the reality in the hedge fund industry and reflects their freedom with regard to leverage and short selling behaviour.
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We compare our portfolio selection model with the original Markowitz (1952) model by making use of a data set of monthly investment strategy indices published by the Hedge Fund Research group. 1 The data set extends from January 1995 to June 2010 and includes different bull and bear market trends. Our results show that the methodology presented in this paper provides the highest rate of return (16.79%) with a risk of 2.62%, compared to the mean variance, which provides 0.8% rate of return with 1.41% risk respectively.
Methodology
The effect of the uncertainty of future expected returns parameters in the hedge fund industry can be overcome by expressing the investment selection problem in terms of the predictive distribution of the future expected returns. We use the parameters of predictive return distribution instead of those of historical return distribution employed in the original meanvariance model.
Suppose that a fund manager has a holding period of length ; the fund manager's objective is to maximize his wealth at the end of the investment period 
where n Y is a   N T  matrix of historical returns of all investment strategies ( N strategies) during the past
is the joint posterior distribution of investment strategy returns assumed to be a skewed student's t-distribution with first, second and third moments given by S and , ,   respectively. This distribution summarizes uncertainty about the future expected returns distribution. 1 For more details on the definition of these investment strategies we refer the reader to
is a multivariate skewed student's t-distribution for the next  period future expected returns, and  : is a proportionality sign.
We account for estimation risk by averaging in (1) The analytical solution of (1) is computationally difficult to obtain; often numerical methods such as the MCMC simulations (Metropolis-Hasting or the Gibbs sampler algorithm) are used to obtain the predictive distribution. In this paper the Gibbs sampler algorithm is used for this purpose.
Substituting the predictive returns distribution into the fund manager's objective functions, the following multi-objective portfolio selection problem is presented: To obtain the predictive moments of future expected returns, we use a skew t distribution derived from the skew elliptical class of distributions presented by Sahu et al (2003) . The general form of elliptical distribution is given by
6 with 0 ) , ( 0; a where; ;
equation (3) becomes a multivariate student's t-distribution under the condition that the vector of random variables X is transformed as follows:
where Z is a vector of unobservable random variables whose distribution is elliptical with mean zero and identity covariance matrix (2003) show that the conditional distribution of random
has the following multivariate skew t-distribution:
where  is the degree of freedom for a skewed student's t distribution.
It is now possible to implement a Bayesian investment selection model under the assumption that hedge fund returns have excess skewness characteristic i.e. a skew t-distribution. This implementation is done using the MCMC simulations with a Gibbs sampler that requires us to 7 first specify the likelihood function and the priors before computing the predictive moments of future expected returns.
The likelihood for each observation can be specified as , and the unknown parameter  , which has a multivariate inverted
Notice that  is a parameter that adjusts the degree of our beliefs about the skewness in the distribution of the data, and a prior value of this parameter must be specified in the informative prior settings. The same goes for the mean vector d , which reflects our prior information. 
where
T are the predictive moments, and S , ,   are the posterior moments obtained with the Gibbs sampler (see Geman and Geman, 1984 
Geman and Geman (1984) showed that for the ) , , (
sample obtained after N iterations we need:
Once the predictive parameters are computed, the optimization problem in equation (2) can be solved with a different level of aversion to risk and skewness ( ) and c k using a numerical method such as the genetic algorithm.
Empirical Results
We consider a set of returns on hedge fund indices provided by Hedge Fund Research Inc.
(HFRI). The data is drawn from a database containing more than 6 500 hedge funds from all over the world. The monthly returns series are HFRI strategy indices representing the equally weighted returns, net of fees, of hedge funds classified in each strategy. The database is updated bi-weekly with new funds information (removed and/or newly included funds).
The data set on these strategy indices spans January 1995 to June 2010; to account for survivorship bias we consider only the sample periods of after 1994. Following Capocci and
Hubner (2004), hedge fund data starting after 1994 is more reliable and does not contain any survivorship bias.
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For the purpose of this study we re-categorize HFRI indices into seven main investment strategies: equity hedge (EH), event-driven (ED), macro (MCRO), relative value RV), fund of funds (FOF), emerging markets (EM), and the fund of weighted composite index (FWC). The weighted composite index category is an equal-weighted index with no fund of funds. Table 1 reflects the first, second and third moments of the historical return distribution. This table shows that event-driven (ED) and macro (MCRO) investment strategies have positive skewness, while the rest of the investment strategies exhibit negative skewness. The higher historical return is observed with event-driven investment strategies.
Figure 1: Risk reward trade-off
However, in the risk-reward trade-off analysis carried out in Figure 1 above we find that emerging market investment (EM) is more risky than any investment strategy that exists in the hedge fund universe: it has the highest annualized risk during our sample period, and is ranked third in terms of return. The relative value (RV) investment strategy is the least risky investment strategy during the same period, followed by fund of funds (FOF), which has the lowest rate of return. The equity hedge (EH) investment strategy has the highest rate of return during this period. The macro and weighted composite in currencies (FWC) has almost the same rate of return but with a different risk level, and the lowest is macro investments.
To obtain the first, second and third posterior moments we use 21 000 MCMC Gibbs sampler simulations using WinBUGS package Predictive mean, predictive skewness and predictive covariance are obtained using expressions in equation (8) above. In fact, the predictive mean is equal to the posterior mean, and the predictive variance and predictive skewness equal the posterior means of variance and skewness plus additional terms that account for uncertainty about the unknown future true parameters. We use these predictive parameters as proxy for the unknown future expected returns to solve the investment selection problem in equation (2) using a numerical optimization technique known as the genetic algorithm technique. The predictive optimal weights are shown in Table 2 below, where k and c are aversion to risk and skewness respectively.
We distinguish aggressive fund managers from moderate and conservative fund managers. This categorization follows Waggle et al (2005) , who showed that reasonable values of aversion should be in the range of 1 to 10. They classify an aggressive investor as having an aversion coefficient between 1 and 2. A moderate investor has a coefficient of aversion between 2 and 5.
They argue that a conservative investor would have a coefficient of aversion between 5 and 10.
They call an investor with a coefficient of aversion of 3 an average investor. Table 2 shows that whenever the aversion to risk is higher than the aversion to skewness (i.e. k =2& c =1 or k = c =2), an aggressive fund manager would have to invest heavily in event-driven (ED) investments. However, his expected return will be maximized only if his skew aversion is higher than his risk aversion (i.e. k =1& c =2) (see Table 3 below); in this case he'd largely attempt to increase his holdings in equities (EH).
The computed predictive portfolio mean return, predictive portfolio risk and predictive portfolio skewness are reported in Table 3 below. These are estimates of portfolio mean return, portfolio risk and portfolio skewness of unknown future expected returns. 
Clearly, a more aggressive fund manager (with a risk aversion equal to 1 and a skewness aversion of 2) will expect 16.8% of portfolio predictive return, with an overall portfolio predictive risk of 2.6% and a positive predictive skewness of 6.4%. This result is interesting in the sense that positive skewness means that the likelihood of extreme positive returns is possible. Table 3 shows only two possible investment options that can produce positive skewness: the first is the case where both risk and skewness aversions are equal to unity; in this case the overall portfolio predictive rate of return is 14,8%, with 2,6% predictive risk. The second case is where the skewness aversion is greater than the risk aversion (risk aversion equals one and skewness aversion equals two); in this case one would expect fund managers who always attempt to generate abnormal rates of return to be risk lovers and to be more skewness averse.
In other words, changes that can affect the skewness are likely to affect the occurrence of extreme positive returns; hence the possibility of generating abnormal rates of return becomes difficult. The message here is clear: a fund manager would take any risky position as long as it doesn't alter his/her aversion to the portfolio skewness.
13 Figure 4 shows the mean-variance efficient frontier with a negatively sloped down Sharpe ratio (blue line), meaning that as the manager's targeted return increases, the ratio of the return to risk decreases inversely. The efficient frontier has only three points: these correspond to 32.5% of event-driven, 32.2% of macro and 35.32% of relative value investments. This allocation doesn't consider the diversification principle according to which funds must be allocated across all available investments in order to spread the risk.
Conclusion
This paper presents a forward looking way of selecting hedge fund investment strategies by taking into account the skewness, variance and mean of the predictive of future expected returns.
Based on monthly return indices, we have shown that a predictive return distribution can be built in Bayesian settings by first assuming that the historical distribution is a student t distribution, and that the predictive return distribution is equal to the posterior distribution multiplied by the 16 likelihood of unknown future expected returns conditional on available posterior parameters. We generate 21 000 simulations from this predictive distribution using GIBS sampler to obtain the predictive mean, predictive variance and predictive skewness that are used as key inputs to the portfolio optimization process. Based on different levels of risk and skewness aversion, we found that our portfolio selection model provides a higher rate of return than the mean variance model.
In financial markets past performance is not indicative of future performance; hence the use of predictive rather than historical parameters is of great importance in asset allocation. 
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